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Introduction
Targeting describes a range of mechanisms for identifying households or individuals who are defined as eligible for resource transfers, and simultaneously screening out those who are defined as ineligible. Achieving this simple objective is one of the most challenging aspects of implementing social transfer programmes, and typically requires trade-offs to be made between targeting accuracy and targeting costs (broadly defined). Accurate targeting is expensive and time-consuming-in emergency contexts, when time is of the essence, or in contexts where poverty is widespread, the budgetary costs of identifying and excluding the non-poor might exceed the savings. Conversely, crude targeting or no targeting (universal coverage) can be extremely wasteful of scarce resources.
These trade-offs inform not only the decision about whether to target, but also the choice of how to target; which targeting mechanism to apply. For instance, geographic targeting (blanket coverage of an area) is quick and cheap because no individual assessment is required, but it is usually inaccurate because it does not discriminate between local residents on characteristics of interest, notably their relative wealth. On the other hand, means testing is generally acknowledged as the most accurate mechanism for identifying the poor (if done rigorously), but it is costly to do well because it requires detailed and sensitive personal information about each potential beneficiary that must be elicited, verified, and regularly reassessed-many means tested programmes do 'retargeting' every year. Other targeting mechanisms, such as categorical approaches (including those focusing on age cohorts such as children or older persons), proxy means tests (using multiple indicators to identify the poor), and self-selection (for instance the labour requirement on public works programmes) are each associated with varying degrees of targeting accuracy or error and targeting cost (see Barrientos and Niño-Zarazúa 2011) .
Social transfer programmes have spread rapidly throughout sub-Saharan Africa in recent years (Ellis et al. 2009; DFID 2011; Handa et al. 2011) . Social transfers can be defined as regular noncontributory payments, in cash or in kind, provided by government or non-government organizations to individuals or households, with the objective of decreasing chronic or shockinduced poverty, addressing social risk, or reducing economic vulnerability (Samson et al. 2006: 2) . Building on their origins in social safety nets (e.g. public works projects) and humanitarian relief interventions (emergency food aid), social transfers have recently become dominated by unconditional cash transfers to poor and vulnerable households (Hanlon et al. 2010) . Because regular cash transfers are expensive, they are always targeted (sometimes to just a few thousand individuals, sometimes to several millions). But cash transfers are difficult to target well, not least because they are valuable and free, which creates incentives for applicants to misrepresent their true status in order to qualify and for officials to defraud the system.
The Hunger Safety Net Programme (HSNP) in northern Kenya is an example of an unconditional cash transfer programme. Launched in 2009, the HSNP aims to reduce extreme poverty by delivering regular cash transfers to some 300,000 poor and vulnerable individuals in the greater Mandera, Marsabit, Turkana, and Wajir districts. Targeting in this context presents considerable challenges, not just logistical, but also in terms of defining an appropriate and identifiable target population: appropriate in terms of being consistent with the programme's objective to reduce extreme poverty; and identifiable in terms of exhibiting specific observable and verifiable characteristics.
In contexts such as northern Kenya, targeting cannot rely on household income as the measure of relative living standards, since income flows are often irregular, hard to capture accurately, and verify, and do not capture self-production; a core livelihood strategy in these areas. An alternative measure of living standards, widely used for the analysis of poverty, is consumption expenditure, but this is generally not a feasible measure on which to target, since it requires capturing detailed information about all items consumed (food and non-food) over a given reference period for all households potentially eligible for the programme. Recording such detailed information from all households within a community being targeted requires so much time and resources that it becomes inefficient and impractical.
Alternative approaches involve identifying proxies for poverty or vulnerability, which are then used as measures for targeting. Such approaches usually rely on statistical analysis of the correlates of objective measures of poverty or vulnerability. This can either identify individual characteristics on which to target (e.g. orphan status, age, and disability, etc), or a set of characteristics which are jointly associated with poverty status (e.g. proxy means testing). However, such approaches rely on the availability and quality of suitable, accurate, and up-todate data, and are, therefore, not always available or reliable. Another option is to abandon any explicit link between the targeting approach and objective measures of poverty or vulnerability, and instead target specific categories of individuals or households according to other criteria (e.g. logistical or geographical feasibility, social or political acceptability, and rights-based concerns). Finally, the types of households to be selected, or the actual households to be selected, could be chosen by communities themselves, according to more or less subjective or objective criteria, externally moderated or otherwise.
Due to the lack of detailed household-level data, the HSNP was not able to identify targeting measures that were explicitly associated with any objective measures of poverty. It was, therefore, decided that other mechanisms would be used as proxies for poverty targeting. During Phase 1 (2008-12) three targeting mechanisms were trialled: (1) community-based targeting; (2) households with high dependency ratios; and (3) older people (55 years or above). This experimental design provides a rare opportunity to compare outcomes across different targeting mechanisms within the same programme.
The focus of this paper is on targeting effectiveness, or accuracy. 1 This introduces another tradeoff, between the two errors of targeting: inclusion (selection of ineligible beneficiaries) and exclusion (omission of eligible individuals or households). While policy makers tend to focus on inclusion errors, because they incur financial costs, Cornia and Stewart (1993) proposed that exclusion error should be weighted more highly than inclusion error because failure to reach people who need assistance is a humanitarian cost and compromises the achievement of programme objectives.
The question of choice between different mechanisms and their comparative effectiveness is a central concern of this paper. A comprehensive review of targeting outcomes on over 100 social transfer programmes (Coady et al. 2004) found that no single targeting mechanism performs best in all contexts-there was more variability in targeting performance within each mechanism than between them. The key determinant of targeting effectiveness is implementation capacity, or how rigorously the targeting is implemented. With these caveats, mechanisms can be ranked by their ability to identify the poor. The most accurate mechanism was found to be self-targeting (on public works programmes), followed by geographic targeting and means testing. Proxy means tests, community-based targeting and categorical targeting (of children and older people) achieved highly variable but generally poor results-sometimes they capture high proportions of 3 poor people, but more often they do not. Finally, Coady et al. (2004) found that the use of multiple methods led to improved targeting accuracy over single methods.
Using new data from a randomized control trial evaluation of the HSNP, an innovative social transfer programme in Kenya that was specifically designed to test three different targeting mechanisms, we provide in this paper the first statistically robust assessment (to our knowledge) of the targeting effectiveness of different mechanisms within the same programme. Drawing on quantitative information from a baseline survey (conducted after the beneficiaries were identified but before they received any cash), we analyse the comparative performance of the three targeting mechanisms in terms of:
1. the ability of the mechanisms to identify the poorest and most vulnerable households in the population (coverage, inclusion, and exclusion by design); 2. whether the selected beneficiary households actually fulfil the eligibility criteria (implementation problems); 3. whether the selected households are actually poor; and 4. specification of a range of alternative targeting criteria as performance benchmarks for the three mechanisms actually used by the programme.
Targeting performance
Most social transfer programmes, including the HSNP, attempt to transfer resources to the poorest members of the population. So the measure of a targeting mechanism's effectiveness is how accurately it identifies poor people. According to Ravallion (2007: • inclusion error can be quantified as the proportion of a programme's beneficiaries who receive transfers despite not being poor; and • exclusion error can be quantified as the proportion of people in poverty who are omitted from a social transfer programme. 2
Errors of inclusion and exclusion can arise at the design stage and/or during implementation.
Targeting errors by design: a common design challenge is a binding budget constraint which means that a programme cannot reach all poor households in the country, so either a quota is applied or the intervention is restricted to a geographical area, such as a district. (In effect, 'geographic targeting' becomes the first level of targeting.) This 'exclusion by design' is not, strictly speaking, a mistake, but planned 'under-coverage'. Similarly, geographic targeting will inevitably reach some non-poor beneficiaries, but this source of 'leakage by design' is intrinsic to the selection of this targeting mechanism, it is not a mistake made by programme administrators during implementation. Design errors will also arise where proxy measures are used to identify poor households, or where the targeting criteria have been selected with no explicit link to objective poverty measures. Such 'errors' can also be considered not as mistakes, for example in cases where it is known that a certain measure (e.g. old age) is not a perfect proxy for poverty, but is the best feasible option available (e.g. for logistical, social, or political concerns). So 4 targeting may be done on the basis of old age even though it is known that some older persons will not be poor, because this is balanced by the fact that many older persons are poor and will, therefore, be reached by the programme. There are situations, however, where design errors should be viewed as a failure of the programme designers. For example, if the programme's stated objective was to target the poorest households, but its targeting criteria turned out to be only weakly associated with most objective measures of poverty-i.e. the programme decided to target older persons specifically because it thought they were poor, but it turned out that older persons tended to be richer. Similarly, targeting design failures can occur in the case of poorly designed proxy means testing which, either due to poor quality data or flawed statistical analysis, fails to accurately identify poor households.
Targeting errors in implementation: inclusion errors in implementation can occur if applicants misrepresent their true status in order to satisfy the eligibility criteria-say, by claiming to be poor when they are not-or if corrupt officials collude with ineligible applicants to register them. Exclusion errors in implementation can occur if eligible households miss the registration process (e.g. if pastoralists are away herding livestock) or if communities deliberately exclude marginalized members from a community-based targeting exercise. Both these possibilities are potential concerns for the HSNP.
For programmes such as HSNP, where targeting is based on characteristics that serve as proxies for poverty, such as age, assessing targeting effectiveness is complicated because two measures of targeting accuracy must be assessed: (1) the 'implementation accuracy' of the programme in reaching the eligible and excluding the non-eligible; and (2) the 'design accuracy' of the eligibility criteria as proxies for poverty. For instance, in some communities the HSNP targets all individuals over 55 years of age for a 'universal' social pension, so 'inclusion error in implementation' is the proportion of pension recipients who are under 55, while 'exclusion error in implementation' is all non-recipients over 55. But to assess the effectiveness of the social pension as a poverty targeting mechanism, we also need to know the percentage of people under 55 in HSNP communities who are poor (i.e. 'exclusion error by design') and the percentage of people over 55 who are non-poor (i.e. 'inclusion error by design').
All eight possible outcomes are depicted in Figure 1 . So targeting performance must be assessed both in terms of eligibility criteria and in terms of the poverty profile of the population-these are not always the same. Both sources of inclusion and exclusion error in HSNP targeting design and implementation are reported in this paper. 3
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Targeting mechanisms
The range of possible targeting mechanisms can be grouped into six clusters. Each has its advantages and limitations, and evaluations of targeted social transfer programmes lead to the conclusion that there is no single optimal mechanism, either in theory or in practice. At the programme design stage, the choice of mechanism must weigh up different objectives-such as cost versus accuracy-while targeting performance in practice is highly variable, depending crucially on how well the targeting process is implemented (Coady et al. 2004 ).
1) Means tests assess the income and/or assets of individual applicants, and define anyone falling below a predetermined threshold as eligible. Means tests are expensive to apply, especially among poor populations with insecure livelihoods and unpredictable incomes. They are susceptible to under-reporting of incomes and assets by applicants, which requires verification and regular reassessments. They can create incentives to modify behaviour in order to become or remain eligible ('disincentive' and 'dependency' effects) . Evidence from programmes in Albania (Alderman 2002) , China (Ravallion 2007) , and Krygyz Republic (Tesliuc 2004) 6) Community-based targeting delegates beneficiary selection to community members. The main advantage is that local residents have personal knowledge of their neighbours, which project administrators do not. The main risk is that the process will be dominated by local elites who capture the benefits and exclude socially marginalized groups. A review of evidence found that: 'the targeting of poor communities and poor households within communities is markedly worse in more unequal communities (Mansuri and Rao 2004: 55) . Because implementation modalities vary greatly, Coady et al. (2004) found that community-based targeting achieved the most variable results of all mechanisms.
We are limited in terms of which of these targeting mechanisms we are able to analyse. The programme we are evaluating does not use either means testing or self-targeting. We are not able to analyse the geographic aspect of HSNP targeting (i.e. the targeting impact of the design choice to implement the programme in four of the poorest districts in Kenya). Thus, for purposes of this paper and given the nature of the available data we examine three types of targeting mechanism: categorical, community-based targeting, and proxy means tests. Specifically, we are able to compare the actual outcomes of two categorical mechanisms (a social pension and a dependency ratio) and a community-based mechanism. We are also able to simulate outcomes using a range of categorical mechanisms as well as a proxy means test.
Targeting on the hunger safety net programme (HSNP)
The HSNP chose three targeting mechanisms and aimed to compare their performance. Two of the mechanisms are variants of categorical targeting (dependency ratio and older persons) and the third is community-based targeting. Clearly the three target populations corresponding to the three mechanisms are different as the eligibility criteria are different. In fact, the first step of our targeting analysis is to assess whether the programme reached the three intended target groups.
To the extent that they did not, these are targeting errors in implementation. However, in the context of this programme the purpose of using the different mechanisms was to evaluate their comparative accuracy as proxies for poverty. The programme's objective was to target the extreme poor. So we are assessing how well each of the three mechanisms performed at actually selecting beneficiaries that are poor.
Step two of our analysis is to assess whether households that are eligible to receive HSNP-because they are old, have high dependency ratio (DR) or through communities' selection-are in fact poor.
Step three is to compare the performance of the three targeting approaches in terms of their 'pro-poorness'-which mechanism identifies the highest proportion of poor beneficiaries?
Targeting was implemented by sub-location, and only one targeting mechanism was used in each sub-location. For the areas covered by the evaluation, mechanisms were randomly allocated. This randomization underpins the evaluation methodology which is set out in Section 5 below. There was no retargeting during Phase 1, but individuals (social pensioners) and households (under dependency ratio and community-based targeting) leave the programme if they die or migrate out of the HSNP area.
1) DR targeting: a household's dependency ratio is defined by the HSNP as the number of individuals who are not working (under 18 or over 55 years of age, chronically ill, or disabled) as a proportion of total household size. Households with high dependency ratios living in designated sub-locations are eligible to receive assistance from the HSNP. The threshold for eligibility was set at 0.6 for Turkana and Marsabit, and 0.67 for Mandera and Wajir. (A DR of 0.67 can be interpreted as two 'dependents' for each 'worker'.) The logic underpinning DR targeting is that households with many dependents will be relatively or absolutely labour-constrained-some households have no working members at all-and that even if working individuals earn similar incomes, households with higher dependency ratios are poorer because they will have lower per capita incomes. But targeting based on household dependency ratios presents several challenges. Firstly, there are practical difficulties in establishing the correct age, degree of disability, and health status for every household member, which makes DR targeting administratively complex and time-consuming. Secondly, the assumption that a high DR signifies poverty might not hold in the pastoralist communities of northern Kenya, where wealthier households tend to be larger and children contribute to household income from a young age (e.g. by herding the household's livestock). This problem was recognized during the HSNP's inception phase, but a proposal to supplement DR targeting with a means test based on asset ownership was rejected.
2) Categorical targeting by age (CTA): all individuals aged 55 or above living in designated CTA sub-locations on the date of registration for HSNP were eligible to receive a non-contributory 'social pension'. Proof of age was established from the applicant's national identity card. If the applicant had no official documents, he or she was vetted by a committee representing the community. Social pensions are a popular social protection instrument with policy makers, but this approach to targeting on the HSNP encountered several problems. One supposed advantage of targeting older persons is that age is a single and easily verifiable characteristic-but few older persons in northern Kenya have birth certificates or accurate national identity cards. Another justification for social pensions is that providing support to older persons is easily understood and widely accepted-but in pastoralist cultures, where old age is often associated with power and wealth, the rationale for giving older persons (and no-one else) free cash was not at all obvious to community members. Finally, old age is supposedly associated with poverty, making this a robust proxy indicator-but crosscountry evidence reveals that social pensions are relatively inaccurate in targeting the poor. In a review of 111 programmes, Coady et al. (2004) found that targeting older persons was the second worst mechanism in terms of reaching the poor.
3) Community-based targeting (CBT): in northern Kenya, CBT is the dominant form of targeting for programmes such as food aid, the rationale being that communities themselves are best placed to identify their poorest members. For the HSNP, communities selected households they considered most in need of assistance. Since the programme aims to address chronic poverty rather than acute need, each community was allocated a fixed quota that was set at 50 per cent of the expected number of households in the community. But since the community household population data was often inaccurate, and since chronic poverty levels may vary substantially between sub-locations, the standardized quota almost certainly overestimated the actual poverty rate (i.e. inclusion error) in some sub-locations and under-estimated it (i.e. exclusion error) in others. Lack of comparability across communities is a generic problem with CBT (Conning and Kevane 2002) .
Evaluation design
The programme was implemented across the four former districts of Mandera, Marsabit, Turkana, and Wajir, and within these only in secure areas. The evaluation took place in 48 randomly selected sub-locations, out of the 356 sub-locations in the former districts of Mandera, Marsabit, Turkana, and Wajir that were assessed as secure and, therefore, where the HSNP could potentially operate. 4 In each of the 48 sub-locations, beneficiaries were then selected for the programme according to the relevant mechanism. Once this was done, half the evaluation sub-locations were randomly assigned to be 'treatment' areas and received the programme payment immediately after the baseline survey had taken place in that sub-location. The other 24 sub-locations were assigned to be 'control' areas, where selected households would begin to receive transfers after two years. Because exactly the same targeting process took place at the same time in both treatment and control areas, the targeting analysis results relate to all 48 evaluation sub-locations.
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The work presented here draws from both the quantitative survey and qualitative fieldwork. The quantitative survey comprises: (1) a household panel survey conducted on an annual basis (baseline, year 1 follow-up, year 2 follow-up), covering 5,108 randomly selected households in the 48 evaluation sub-locations, also sampled at random; and (2) quantitative community interviews conducted with a group of 10-12 community members on an annual basis (baseline, year 1 follow-up, year 2 follow-up) in the same 48 randomly sampled sub-locations. The qualitative fieldwork was dominated by community interviews with mixed-gender groups of community members (chief, elders, and others).
Because targeting was conducted in both treatment and control areas, households were sampled in the same way across both. Sixty-six beneficiary households were sampled from HSNP administrative records, using simple random sampling in each sub-location. Forty-four nonbeneficiary households were sampled from household listings undertaken by the evaluation field teams in a sample of three randomly selected settlements within each sub-location. These settlements were stratified into three different types, and one settlement of each type was sampled. 5 Within settlements, all households were listed. During the listing, any beneficiary households were identified and then dropped from the sample frame
In this way a representative sample of beneficiary and non-beneficiary households was constructed. By comparing the characteristics of households selected by the HSNP targeting process (beneficiaries) with those not selected (non-beneficiaries), an assessment can be made of the degree to which HSNP was successful in targeting the poorest households in its operational areas. This comparison of beneficiary and non-beneficiary households is the basis of the targeting analysis.
Data analysis was undertaken using analytical weights that are the inverse of households' selection probabilities, taking as given that the sub-location was selected for inclusion in the study population. The estimates presented in this paper are, therefore, representative of the study population-that is, the population across the 48 sub-locations selected for inclusion in the study-rather than the entire population of the HSNP districts or even of the areas covered by the HSNP. Since the programme operated differently in some respects in the non-evaluation sub-locations, the findings also represent the programme as it operates in the evaluation sublocations.
Findings
6.1 Characteristics of the sample: poverty, consumption, and demography Table 1 shows the poverty rates in the HSNP districts according to the 2005-06 Kenya Integrated Household Budget Survey (KIHBS). These estimates are derived by estimating the proportion of households in the HSNP districts with total equivalized monthly expenditure below the official absolute, food, and hardcore poverty lines respectively. The estimates were calculated using the appropriate sample weights. On all measures it is clear that poverty rates in the programme areas are extremely high. In fact this was the basis for the decision to focus the programme on the HSNP districts, since these were identified by the KIHBS as being the four poorest districts in Kenya. In terms of targeting effectiveness, high absolute poverty rates are generally associated with low inclusion errors (since most households are poor), but high design exclusion errors (since the programme cannot afford to reach all poor households).
The household questionnaire collected information on each household's consumption and expenditure, which formed the basis for measuring consumption poverty. 6 Consumption is usually reported more reliably than income. Households were classified into five equal groups (quintiles) according to consumption expenditure levels such that quintile 1 corresponds to the poorest 20 per cent of households in the HSNP evaluation areas and quintile 5 to the least poor 20 per cent. While the majority of households in our study population are poor in absolute terms, there is a substantial difference between the poorest and the least poor. The wealthiest quintile spends almost five times as much as the poorest per adult equivalent (KES 3,996 vs. KES 868), which indicates an appreciable degree of income inequality within the study population (see Figure 2) . Given the resource constraints associated with social transfer provisioning in this area and these sharp inequalities, it is clear that targeting the poorest is still a fundamental concern, notwithstanding the fact that the majority of the population are poor in an absolute sense. For evaluating targeting in such situations we use a relative poverty line, described in the following section.
Although consumption expenditure is not a perfect proxy for household welfare, our analysis shows that it is highly correlated with many key dimensions of household well-being (see Annex 1, Table A1 ). On average, households in poorer quintiles spend a higher proportion of their total consumption budget on food, spend less on education and health services, own fewer assets, have lower adult literacy and school enrolment rates, are more likely to have been ill or injured in the past three months, and have poorer quality housing. Furthermore, subjective poverty rates are significantly higher amongst households in poorer quintiles. 
6.2
Programme coverage, targeting mechanisms, and poverty in the HSNP districts Table 2 shows how programme coverage varies across the three targeting mechanisms. Overall coverage across the evaluation areas is 51 per cent, so just over half the households were selected for the programme. However, coverage varies substantially by targeting mechanism. Coverage in CTA areas is lowest, at 40 per cent, which is driven principally by the number of households containing at least one household member aged 55 or over. DR coverage is 66 per cent, which reflects the calibration of the DR eligibility cut-offs (between 0.6 and 0.7 depending on the district). The CBT coverage rate is determined by the 50 per cent quota set by programme administrators. Table 2 also shows how consumption poverty and food security vary across the CBT, CTA and DR areas. Consumption poverty is defined using a 51 per cent relative poverty rate. A relative poverty line was chosen because it was not possible to apply inflation-adjusted KIHBS 2005-06 poverty lines to the baseline data, mainly because the instruments used to measure consumption expenditure were different, so applying poverty lines defined using KIHBS 2005-06 onto the HSNP baseline consumption expenditure data is not valid. The relative poverty line was calibrated at 51 per cent, in line with the HSNP coverage rate-given a 51 per cent coverage rate, it is hoped that those selected for the HSNP fall within the poorest 51 per cent. Households are defined as food insecure if they reported going entire days without eating during the worst recent period of food scarcity.
The variations in coverage rates by targeting mechanisms do not reflect variations in poverty and food security across the CBT, CTA, and DR areas. Poverty and food insecurity is lowest in CBT areas (42 per cent and 55 per cent respectively), but coverage in CBT areas is significantly higher than in CTA areas, which have greater levels of poverty and food insecurity. This finding is not surprising given that the CBT, CTA, and DR coverage levels were purposively set at different levels. However, combined with the fact that poverty and food insecurity also vary across CBT, CTA, and DR areas, it has significant implications for the targeting analysis. The implication of variations across the targeting mechanisms in programme coverage (by design) and poverty rates (by chance, since the allocation of targeting mechanism across sublocations was done randomly as part of the evaluation design) is that inclusion and exclusion errors-standard measures of targeting effectiveness-cannot be used for assessing the relative targeting effectiveness of the three mechanisms. Instead, ratio measures that compare the poverty rates among selected and non-selected households and to the overall poverty rate are used. Table 3 shows comparative levels of poverty and food insecurity for beneficiary and nonbeneficiary households. Beneficiary households are 30 per cent (13 percentage points) more likely to be among the poorest (bottom 51 per cent) as compared to non-beneficiary households (57 per cent vs. 44 per cent). In terms of food security, beneficiary households are only 16 per cent (9 percentage points) more likely to be food insecure compared to non-beneficiaries. Does this represent effective targeting? In order to understand how this compares to the targeting effectiveness of other cash transfer programmes around the world the Coady-Grosh-Hoddinott (CGH) index has been calculated and is also presented in Table 3 . The CGH index is a measure of the effectiveness with which programmes are targeted. It is defined as the ratio of the value of transfers going to the poor to the (relative) size of the poor in the population. 7 This index is calculated for both the poverty measures used, giving values of 1.12 and 1.07 according to the consumption expenditure and food security measure respectively. This shows that poor households are 7-12 per cent more likely to have been selected for the programme under HSNP targeting than they would have been under random or universal targeting.
13 Coady et al. (2004) presents empirical evidence on targeting efficiency and outcomes from 122 anti-poverty interventions in 48 countries. The median programme reviewed had an index of 1.25, implying that it transfers 25 per cent more resources to poor individuals than a universal programme. The ten best performing schemes, the majority of which are in the Americas, were shown to transfer two to four times more resources to the poor than would have occurred under a universal scheme. In other words, the targeting effectiveness of HSNP does not compare particularly well with other similar programmes in terms of targeting effectiveness at an aggregate level. To better understand this concern, it is useful to decompose the targeting problem into issues of design and implementation (as discussed earlier). For the purposes of this paper, there are two ways of analysing targeting, based on the population to which we apply eligibility criteria.
1) The HSNP design applied only certain targeting mechanisms in specific sub-locations, and we can assess targeting for a given mechanism only for those sub-locations where it was implemented-in other words, for a restricted 'actual' sample. Furthermore, eligible households needed to be residents of those sub-locations. We restrict this analysis to those sub-locations where a specific mechanism was implemented and to households that are resident in those sub-locations.
2) We can also analyse targeting by applying eligibility criteria across the sample as a whole, irrespective of what particular mechanism was implemented in each sub-location-in other words, a hypothetical 'predicted' sample. Moreover, we can also specify alternative targeting mechanisms and simulate outcomes for comparative poverty-targeting purposes. For instance, we can simulate proxy means test targeting outcomes as well as other targeting criteria. This analysis can be undertaken across the sample as a whole.
The first measure of programme eligibility is useful for understanding both implementation and design precision within the existing programme and is the focus of the next section. The second measure provides an insight into the extent of coverage required should the programme expand to cover all eligible people within the sample locations. It is thus an informative measure for future programming scenarios and, therefore, forms the basis of the penultimate section of the paper.
Performance of targeting implementation: eligibility and selection
When evaluating programme implementation, key questions of interest are: what proportion of the households that meet the programme's eligibility criteria are benefiting from the programme? And, what proportion of beneficiary households are not in fact eligible, i.e. do not meet the programme's eligibility criteria? This assesses how well the programme has managed to identify and enrol its target group, and exclude those who are not part of the target group. Table 4 provides answers to these questions, indicating coverage as well as inclusion and exclusion errors in implementation. 8 In terms of eligibility, we see that 54 per cent of households overall are eligible (defined as programme eligibility). This disaggregates across targeting mechanism as 47 per cent for CTA and 60 per cent for DR. A striking and encouraging finding is the very high eligibility rate among CTA beneficiaries, with 96 per cent of beneficiaries in CTA areas being CTA eligible. Implementation was less effective in DR areas with 70 per cent of beneficiaries in DR areas being DR eligible. Taken together, this indicates that the coincidence of beneficiaries and eligibility status was reasonably high overall, and the programme was successful in terms of enrolling the intended groups. Notes: (1) The 'N' column denotes the overall sample size. The sample sizes for the disaggregated estimates in other columns are based on smaller sample sizes. (2) Asterisks (*) indicate that an estimate is significantly different to the estimate in the cell to its right: *** = 99%; ** = 95%; * = 90%. Finally, and in keeping with the strong coverage results, we see low inclusion and exclusion errors in implementation. CTA out-performs DR as a targeting mechanism for implementation errors, with only 4 per cent inclusion error and 17 per cent exclusion error. In other words, the programme performs well in selecting those who are in fact eligible under the two targeting mechanisms. The explanation for the somewhat better targeting results for CTA is likely due to the fact that in the context of large and often very fluid household sizes, a CTA method will be more accurately implemented as the existence of older people in a household is less changeable over seasons and is more readily observable.
In the Venn diagrams below, the sum of all targeting errors is 100 per cent. For effective targeting, with well designed and implemented targeting criteria, the three circles should overlap as closely as possible, meaning that all 'poor' households are both 'eligible' and 'selected'. Figure 3 shows that in terms of 'eligibility' and 'selection', 39 per cent of households in the sample were eligible for a social pension and were also selected for the programme, whereas 46 per cent of households were DR eligible and selected. Source: Authors' illustration.
Performance of targeting design: eligibility and poverty
Restricting the analysis to assess eligibility only for those sub-locations where the programme implemented specific targeting mechanisms and only for those households who are residents, it is possible to assess the characteristics of eligible households, compared to ineligibles, and in particular their poverty status. Are the eligible-whether they are selected or not-poor?
Disaggregating eligibility by specific targeting mechanism (see Table 5 ), we see some variation in the ability of the different mechanisms to identify the poor, with 58 per cent of eligible households in CTA areas being poor, which is significantly different to the 50 per cent of ineligibles that are poor in the same areas. 9 For DR areas, 68 per cent of households that are DR eligible are poor. Again, this is significantly different from the 48 per cent of ineligible households that are poor. However, in terms of food security, neither CTA nor DR targeting criteria pinpoint those households that are food insecure, an important finding given the context and objectives of the HSNP. There is a high degree of overlap between CTA and DR eligibilityunsurprisingly, households containing older persons tend to have high dependency ratios and vice versa. In CTA areas 70 per cent of eligible households would also have been eligible under DR targeting, while 48 per cent of eligible households in DR areas are also CTA eligible. This shows that due to the similar population profiles between CTA against DR not much is gained from the comparison, especially as a large proportion of the groups are not actually poor. Looking at the last four rows of the table, it is clear that, on average, both mechanisms tend to favour households containing orphans and with members that are chronically ill or disabled compared to ineligible households. This is evidenced by the significant differences between the eligible and ineligible columns. This indicates that the eligibility criteria for these mechanisms picks up more than just consumption poverty, but they are able to identify households along a range of other characteristics that might also proxy for different dimensions of poverty.
So, in contrast to the results in the previous section where we saw a high coincidence of beneficiaries and eligibility criteria from both mechanisms, here we find that eligibility criteria do not correspond as well to poverty status.
What factors determine selection/eligibility for CBT?
The descriptive statistics in the previous table reveal that 100 per cent of beneficiary CTA households contain at least one member over the age of 54. This suggests that targeting on age criteria has been successfully implemented. Some 69 per cent of households selected for DR targeting have dependency ratios above or equal to 0.6 (0.6 for Turkana and Marsabit; 0.67 for Mandera and Wajir). This is significantly more than for non-selected households.
It is much more difficult to understand the determinants of selection used with CBT, as no specific criteria were set out for identifying this target group. Criteria were 'suggested' as discussed above, but it is instructive, in retrospect, to analyse the key indicators that communities used to identify the poor. To do this, we use probit regressions to test for these determinants and we report the results below. The dependent variable equals 1 if the household was targeted for inclusion in the programme through CBT and 0 for households in CBT areas that were not selected. We specify independent variables that fall into a range of categories: household demographic categories, wealth (livestock, housing, and assets), food-aid receipt, and residency status. In addition, we control for household location by district, as well as running the regressions separately by district to check for consistency of targeting determinants across locations. We apply population weights.
The coefficients presented in Table 6 have been transformed into marginal effects: so, for example, the coefficient 0.029 in column one, associated with household size, means that every additional household member increases the likelihood that the household was selected into CBT by 2.9 percentage points (0.029 x 100). Dummy variables, such as whether the household head is female, are interpreted as 'switching the variable' from 0 to 1. The coefficient for 'fully settled' in column one means that a fully settled household is 19 percentage points more likely to be selected for inclusion in the programme under CBT than a partially settled household, after allowing for other characteristics of the households that are included in the model.
The first column shows the results from the whole sample. One potentially confounding factor in the overall regression results is that a particular characteristic may be more associated with CBT in one district and not another. Since these would tend to cancel each other out, our aggregated results would mask these changes. Accordingly, as a robustness check, we estimate the correlates of selection into CBT by district. These are presented in the last three columns.
The most striking result from the set of regressions above is that, by looking across variable significance between districts, we see that there is no general story to be told about CBT targeting. Clearly, different districts use different criteria. The only consistent results across the overall regression and three district regressions relate to the fully settled variable, with these households being 19.5 per cent more likely to be selected by CBT than partially mobile households. In Turkana, we see the expected signs and significance on chronic illness (that is, a household with at least one member who has a chronic illness is 17 per cent more likely to be selected for inclusion into CBT), the number of orphans in a household, the asset value (the higher the asset value the less likely the household is selected), and on whether the household has a toilet (this is a visible sign of wealth and the results show that households with a toilet in Turkana are 21 per cent less likely to be selected through CBT). Notes: (1) The 'N' column denotes the overall sample size. Asterisks (*) indicate that the estimated regression coefficient is statistically significant: *** = 99%; ** = 95%; * = 90%. Curiously, in Turkana (but in no other district) we see that if a household is poor (under the consumption 51 per cent coverage rate) or if a household perceives themselves as poor, they are less likely to be selected under CBT. The negative sign on this is worrying, as it indicates that the non-poor are more likely to be targeted under CBT, after adjusting for other factors. In Marsabit, we see an equally unanticipated result on asset values-the likelihood of being selected for CBT increases as asset levels increase. In Marsabit, households that are fully settled are significantly more likely to be selected under CBT than partially settled households and, conversely, households that are mobile are significantly less likely than partially settled households to be selected.
In Mandera we see that the food aid indicators are significant in explaining non-selection using CBT. This is not the case in other districts. So, for instance, if a household receives food aid or is part of a school feeding programme, they are less likely to be selected by CBT. As illustrated above, household size, orphans, and chronic illness are positive and significant.) In Mandera also, we see that livestock and asset ownership is a good predictor of selection through CBT, households with higher livestock and asset values being less likely to be selected for CBT. Strangely, households with more adult working age members are significantly more likely to be selected using CBT in Turkana and Mandera. The main expected predictors in Wajir are food aid receipt and the quality of the walls of a house-with both positively predicting selection through CBT.
The important finding here is that clearly the results are district-specific, indicating that CBT has not been implemented in a consistent manner across the different districts. To some extent, this is an expected feature of the CBT approach, since communities are free to come up with their own criteria. The other clear finding is that fully settled households are much more likely to be included in the programme under CBT, controlling for other factors, suggesting that the process is very liable to exclude semi-and fully-mobile households. Note, however, to the extent that fully settled households are more likely to be officially resident in the sub-location, this may in part reflect the residency requirement of the programme. Figure 4 shows that 43 per cent of households in the sample were selected for a social pension and were also poor. 
Comparative effectiveness of targeting mechanisms: are selected households poor?
Inclusion error is the proportion of beneficiary households that are not living below the absolute poverty line, while exclusion error is proportion of households living below the absolute poverty line that are not covered by HSNP. Since the absolute poverty rate in the HSNP districts is very high (85 per cent), and much higher than programme coverage (51 per cent), it is unsurprising that we observe high exclusion errors (46 per cent). To reduce exclusion error would require an increase in programme resources to facilitate an expansion in programme coverage. Although inclusion errors are relatively low (11 per cent), the high poverty rate means that even random or 20 universal targeting would only result in inclusion errors of 15 per cent. Therefore, in order to improve HSNP targeting effectiveness, efforts should be made to reduce inclusion errors. Table 7 compares the proportion of households in poverty and food insecure by beneficiary status across the three different targeting mechanisms. As discussed above, because poverty and coverage rates vary across the CBT, CTA, and DR areas, a simple comparison of poverty rates among HSNP households cannot be used to compare the comparative targeting effectiveness of the three mechanisms. Instead, two more nuanced measures are used to compare targeting performance of the three mechanisms: the ratio of beneficiary and non-beneficiary poverty rates; and the CGH index (Coady et al. 2004 ). The ratio of beneficiary and non-beneficiary poverty rates gives an alternative measure of targeting effectiveness to the CGH index. For both measures, higher values indicate a better result in terms of targeting beneficiaries as compared to non-beneficiaries. Table 8 shows that, on both measures, and using the two different poverty definitions (consumption poverty and food security), CBT comes out as performing best, followed by CTA and then DR (see the 'actual' columns). These results resonate with the assertions of the emerging literature on targeting which credits CBT for its ability to address information asymmetries affecting most other targeting methods. This is because community groups are perceived as having better information about the needs and poverty status of other community members, although risks around capture by elites also need to be recognised. This finding also reflects the fact that the DR and CTA targeting criteria were not chosen with any explicit link to objective poverty measures. Furthermore, as discussed above, DR was not implemented perfectly which could undermine its targeting performance.
In order to assess how CTA and DR would have compared if both had been implemented perfectly it is again necessary to use the poverty ratio and CGH measures. These are also presented in Table 8 , in the 'predicted' columns. In terms of consumption poverty, the estimates show that DR would have performed almost as well as CBT if it had been implemented with 100 per cent accuracy. This implies that the implementation errors in DR targeting have drastically undermined the targeting effectiveness of this mechanism. Further analysis (not presented) reveals that this is driven by ineligible beneficiaries that are somewhat better off being covered by the programme in place of poorer eligible non-beneficiaries in the DR areas.
In contrast, even with 100 per cent implementation accuracy CTA targeting would not perform well from a consumption poverty targeting perspective. This is because in the HSNP districts old age does not appear to be strongly associated with poverty. However, since CTA targeting, unlike DR, was implemented effectively (96 per cent of beneficiaries fulfilled the eligibility criteria) the actual 'net' effectiveness of CTA and DR targeting was similar. All mechanisms have different eligibility criteria. However, as described in the background to the HSNP, the purpose of the three mechanisms was to understand which of the three was a more accurate proxy for targeting the poor. We see that, while all three mechanisms are pro-poor, targeting using CBT was relatively more effective than either CTA or DR. The ambition of each is to target the poorest households. But CBT is highly subjective, as shown in the previous analysis. We see that there is a trade-off between how effectively the targeting mechanism is applied and poverty performance. That is, we find that CBT does best on poverty, but if DR had been applied as it was intended then DR would have performed almost as well as CBT. This has implications for the choice of targeting mechanism. Are there better ways to target such that a higher proportion of the poor are selected for the programme? In the next section we investigate this and show that it might be worth substituting targeting mechanisms that are difficult to implement for different mechanisms that give a better 'on the ground' outcome.
Alternative ways to target
It is possible to simulate the application of actual and hypothetical targeting mechanisms across the data set as a whole, disregarding the mechanisms that were implemented in practice in each area. This has the benefit of averaging out any differences between the areas in which the different mechanisms were implemented that may have occurred by chance. For simplicity, this analysis also removes the residency requirement imposed by the programme. Using this approach indicates that 59 per cent of households eligible for a CTA are among the poorest (under a 51 per cent relative poverty line), and 58 per cent of households eligible for a transfer under DR are amongst the poorest. This is similar for the lower relative poverty line, suggesting that differences between the two mechanisms are not intrinsic to the criteria used, but rather to their implementation and the populations in which they have been applied.
When we tabulate CTA-eligible households by DR-eligible households, we find that 29 per cent of the sample would qualify for both types of transfer based on the eligibility criteria alone (having at least one household member over 54 years of age and a dependency ratio above 0.6). Disaggregated further, we see that 70 per cent of those eligible for a CTA would also be eligible for a transfer under the DR criteria. There is, therefore, considerable overlap between the two categories of household.
Given the results above, two points stand out: (1) the targeting mechanisms, and their associated eligibility criteria, do not perform strongly on identifying the poor; and (2) implementation has been successful with respect to selecting the eligible households. Therefore, the obvious question becomes: is there an alternative targeting mechanism that would better identify the poor? In this section, we specify a range of alternative targeting criteria, as possible proxies for poverty or as alternative bases for cash transfers, and compare them against DR and CTA eligibility criteria for the population as a whole. Specifically, we simulate four alternative criteria:
1. a household is eligible if it contains at least one orphan; 2. a household is eligible if it contains at least one member who is chronically ill or disabled; 3. a household is eligible if it contains at least one child under the age of 6 years-old (this may be a criterion used under a child benefit-type programme); and 4. a household is eligible if it satisfies a threshold level under a proxy means test (PMT).
All the variables used to specify the PMT were relatively easy to collect and together are likely to predict the poverty status of a household. We used a total of 17 variables to construct the PMT measure. These are listed in Annex 2. Most of these variables reflect the community criteria used to establish eligibility during the CBT selection process. This is an attempt to construct a PMT measure. Of course, we could change the variables and/or reduce the number of indicators included. These simulations and further analysis would refine the targeting criteria for future programming. We have set the PMT threshold for eligibility to match the programme's 51 per cent coverage rate; in other words, the bottom 51 per cent of households, ranked according to their PMT scores, are classified as eligible. Table 9 provides the results of these different simulations. Looking along the top row, we see that, for our total sample, 59 per cent of CTA-eligible households and 58 per cent of DR-eligible households are poor. The rates are almost identical when we use orphans and illness/ disability as proxies for poverty.
We also run a simulation for households that have at least one child under six. In terms of a proxy for poverty we see that, comparatively, this mechanism performs the weakest, with only 48 per cent of eligible households being poor by our 51 per cent coverage standard. The demographic characteristics of households selected on this basis are also quite different. This does not appear to be a good proxy for targeting poor households, although it is recognized that there may be other reasons for targeting transfers at households with small children.
These simulation results suggest that a simple PMT approach would significantly out-perform the CTA and DR criteria, and the actual CBT performance, in identifying poorer households.
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The proportion of households that are eligible according to the PMT criteria is 74 per cent, considering the 51 per cent relative poverty line. Furthermore, the PMT measure is better able to identify the correct 'gradient' across consumption quintiles in terms of numbers and mean consumption. That is, we see that the percentage of PMT-eligible households declines as we move up the wealth quintiles, from 35 per cent in quintile 1 to just 5 per cent in quintile 5. This is what we would hope for from a targeting mechanism that aims to target the poorest households. However, this is a preliminary analysis and, like DR, PMT approaches can be difficult to implement effectively in practice. It is also an 'in-sample' prediction, and the same coefficients applied to another dataset (e.g. the actual information collected during the targeting process) would not be expected to have such a high predictive accuracy. So, rather than interpreting these results as recommending a PMT approach is best, it is suggested instead that the possible role of some type of explicitly poverty-focussed targeting approach for later phases should be further investigated, noting that this would require additional simulation work and should be complemented by qualitative analysis.
Conclusions
Even in very poor communities such as the arid and semi-arid lands of northern Kenya, income inequality is sufficiently high that targeting social transfers on the poorest individuals and households can be justified as a means of maximizing their poverty-reducing impacts. However, in contexts where the poverty headcount is very high, geographic targeting might be the simplest, cheapest, and most effective way of reaching large numbers of poor people. Given an 85 per cent poverty headcount, blanket coverage of the HSNP districts would incur an inclusion error of 15 per cent and an exclusion error of 0 per cent. The costs saved by excluding the non-poor in this context are limited, and might be exceeded by the costs of identifying them. On the other hand, if budget constraints and programme objectives necessitate targeting the 'poorest of the poor', many options exist. The HSNP deployed three targeting mechanisms in an effort to determine which mechanism was most effective at identifying and reaching absolutely poor and food insecure households in northern Kenya.
The analysis presented in this paper allows us to draw the following conclusions. First, in terms of overall effectiveness, HSNP targeting is pro-poor, but only mildly so. Beneficiary households are 30 per cent (13 percentage points) more likely to be among the poorest (bottom 51 per cent) as compared to non-beneficiaries (57 per cent vs. 44 per cent). In terms of food security, beneficiaries are only 16 per cent (9 percentage points) more likely to be food insecure compared to non-beneficiaries. Secondly, across the three targeting mechanisms trialled, community-based targeting (CBT) performed best: it was most effective at identifying the poorest and food insecure households. Importantly, given the increasing attention being paid to the social impacts of social transfers, CBT was also more likely to be perceived as a fair process by households and communities.
However, CBT also displayed some of the weaknesses that have been associated with community-based targeting in other contexts. Being based on relative rankings rather than absolute poverty measures, it is insensitive to variations in poverty levels across communities. In northern Kenya, poverty and food insecurity vary substantially across districts, but a quota was applied uniformly across all HSNP programme areas. Also, CBT depends on full participation of all community members and the avoidance of 'elite capture', which can distort targeting outcomes. In one HSNP district the evidence suggests that the poorest households were less likely to be selected, implying that the targeting process was indeed captured by local elites. This suggests a need to test the targeting effectiveness of 'moderated' CBT (where programme staff observe and guide communities to select households that conform to the target population) against 'unmoderated' CBT (where communities exercise their discretion over who should be selected for a programme).
This leads to a third broad conclusion. Variations in targeting performance reflect variations in the way each targeting mechanism was implemented in each locality. Implementation matters. As a rule, the more complicated the targeting criteria the worse the targeting performance. For instance, in HSNP areas the dependency ratio is a better proxy for consumption poverty than whether the household has an older person, so DR targeting should have performed better than CTA targeting. In fact, DR targeting was undermined by implementation errors, and it performed worst of all three mechanisms in terms of inclusion and exclusion errors. Conversely, targeting households with older persons is the simplest mechanism, so CTA targeting was implemented most effectively, but it did not perform well in terms of identifying the poorest households.
This paper also presented a simulation analysis that assessed programme coverage, the comparative characteristics of eligible and ineligible households, and targeting effectiveness under six alternative targeting options. The PMT approach significantly outperforms all other simulated targeting approaches and would also be expected to outperform the actual targeting performance of CBT (the best performing of the three HSNP mechanisms). Under PMT targeting, three times as many beneficiary households would be poor as non-beneficiaries (76 per cent and 26 per cent respectively). However, PMT approaches can be difficult to implement effectively in practice, and it is, therefore, informative to consider the degree to which implementation problems undermined the targeting effectiveness of DR. The simulation analysis also revealed that targeting households containing children would be the weakest mechanismonly 48 per cent of eligible households would be poor compared to 55 per cent of ineligiblesalthough it is recognized that there may be other reasons for targeting transfers at households with young children.
Several broader lessons for targeting social transfers in low-income countries can be drawn out of this experience in northern Kenya. Firstly, while targeting older persons or children might be justified on equity grounds-the right of every person to income security in old age, or the policy imperative to tackle child poverty-categorical targeting of older persons or children is not a robust proxy for poverty in many (perhaps most) contexts. Categorical targeting should be based on available survey data confirming that the indicator selected as a proxy for poverty is in fact strongly correlated with poverty in the specific local context. Secondly, in low-income countries with weak administrative capacity, effective implementation of targeting mechanisms is likely to be challenging, and simpler mechanisms should therefore be preferred over complex approaches. Thirdly, given that there is invariably a trade-off between targeting complexity and targeting accuracy, some level of inclusion and exclusion errors must be expected and tolerated, especially if simpler (but cruder) mechanisms are preferred to ensure effective implementation. The key policy choice for programme designers is which targeting error to weight more highly-inclusion or exclusion. 
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